Abstract. Feature detection on MR images has largely relied on intensity classification and gradient-based magnitudes. In this paper, we propose the use of phase congruency as a more robust detection method, as it is based on a multiscale intensity-invariant measure. We show the application of phase congruency for the detection of cortical sulci from T2 weighted MRI. Sulci represent important landmarks in the structural analysis of the brain, as their location and orientation provide valuable information for diagnosis and surgical planning. Results show that phase congruency outperforms previous techniques, even in the presence of intensity bias fields due to magnetic field inhomogeneity.
Introduction
The anatomical variability of the cortical surface is a topic of great interest, as the location and orientation of cortical sulci have been related to clinical conditions such as schizophrenia [2] . Additionally, sulci can be used as reference to locate internal brain structures and thus plan an intervention [9] . This makes the construction of statistical atlases [11] for the identification of the main sulci an active area of research [1] . Finally, sulci need to be identified to remove false positives in tumour or multiple sclerosis lesion detection.
It is generally accepted that T2-weighted MRI provides good detection of cortical geometry, as it depicts clearly the contrast between the cortical grey matter and the cerebrospinal fluid surrounding it. This paper presents the results of a set of experiments performed in order to delineate sulci from T2 MRI. It will be shown that classical approaches based on intensity thresholding or gradient-based edge detection [4] often pose problems due to intensity variations across the image and smooth tissue transitions due to partial volume effects. The same applies to more sophisticated methods, such as geometry-driven diffusion [2] , where the image intensity still plays a key role. An alternative algorithm extracts the crest lines with positive largest curvature, which can be interpreted as sulci in MR images [10] . Only the bottom of sulci would be detected by such an approach. Level sets have also provided promising results in [13] , but the method requires user initialisation and a long processing time.
In 1987, the concepts of local energy and phase congruency were introduced as a new intensity-invariant feature detector that performs well even in areas of low contrast [7] . This technique was adopted in our method and will be described in the next section.
Section 3 expends on the reasoning behind the segmentation of sulci and section 4 shows results. We also show examples of the use of intensity thresholding and gradient-based edge detection on a typical T2 weighted image and highlight the problems encountered. Our approach is particularly adapted to the presence of intensity variations due to inhomogeneity of the magnetic field in the MRI machine; this is shown in section 5. Finally, section 6 provides discussion and directions of future work.
Local Energy and Phase Congruency
Morrone and Owens [7] and later Kovesi [3] noted that local energy points out changes in the shape of a signal. Likewise, step edges, ramps or more complex intensity variations correspond to signal locations at which the local Fourier components are all in phase or points of maximum phase congruence. Let f(x) be a one-dimensional signal. It can be reconstructed from its Fourier spectrum by:
where ω D is the amplitude and
[ is the phase offset. Phase congruency is a normalised measure of local energy, which makes it invariant to the image contrast and brightness. Computing the value of local energy, local maxima correspond to feature points where phase congruency is maximum. Therefore, a feature is located at a point where the phase congruency, a scalar measure with values in between 0 and 1, is high.
The local energy can be obtained from the amplitude of the analytic wavelet transform (2), a convolution of the signal with a pair of quadrature filters, for which we use log-Gabor functions. The log-Gabor function is defined in the frequency domain as in Equation (3).
, and zero otherwise, (3) where ω o is the filter's centre frequency. The term κ/ω o is held constant according to the desired number of octaves of the filter bandwidth. Phase congruency (PC) is then computed from the local energy (LE), as below:
Combining the phase information with the phase congruency or local energy, it is possible to distinguish between peaks, valleys, upsteps and downsteps. The local energy and phase congruency computation can be extended to 2D if it is assumed that the signals of interest have simple neighbourhoods, that is, vary locally only in one direction. This allows the interpolation of local energy and estimation of orientation from a minimum of three energy outputs obtained from three symmetrical distributed directions: 30°, 90° and 150°. The energy is computed in each orientation and extended with a spread function. In practice, six directions (0°, 30°, 60°, 90°, 120°a nd 150°) were used to accommodate the complexity of the images.
Phase congruency can be applied to an image at multiple scales and at different filter bandwidths. We can choose the most suitable scale and bandwidth to do a single scale analysis of phase congruency or local energy, or multiscale analysis using Kovesi's method [3] .
Sulci Extraction
The cerebrospinal fluid surrounds the brain and fills in the cortical sulci. In T2 weighted MR images this fluid shows bright intensities, in contrast to the darker intensities of the cortical grey matter. However, this contrast is highly reduced by partial volume effects, making it often difficult to delineate sulcal lines.
Sulcal patterns have certain characteristics that make them particularly suited for the application of phase congruency:
• sulci are thin anatomical structures that appear as small bright lines in T2 weighted MR images; • sulci are locally linear high-frequency structures with well-defined orientation; • the orientation of sulci gives valuable information in the qualitative analysis of the brain. The method we propose for sulci extraction is based on the local energy model for feature detection of Kovesi [3] . The principles behind local energy and phase congruency methods have been presented above.
Results
In this section we show the results we obtained on feature segmentation of typical T2 images of the brain. We compare the performance of our approach over classical methods.
Basic feature detectors in image processing imply thresholding and the computation of gradient. While thresholding is global and expected to give poor results in the segmentation of highly variable structures, such as sulci, image gradient is a local measure with higher sensitivity to regional intensity variations. From the gradient value, an edge detector can be built that will be sensitive to image contrast, which overlooks the less prominent intensity changes.
The major contribution of phase congruency is its invariability to intensity parameters. This makes it a better detector, and for the right combination of scales (i.e. wavelength and noise barrier) we detect accurately the sulci as linear structures with high contrast in the image. Figure 1 shows the comparative results obtained using thresholding, gradient and phase congruency. The example shown uses a T2 Fast Spin Echo image data set with a resolution of 256x256x64 and a voxel size of 0.94mmx0.94mmx2mm. We note the better performance of the local energy-based approach.
In a similar manner to Kovesi [3] , a noise estimation procedure is employed in order to eliminate from the phase congruency response the points of lower energy for a less textured result. A small wavelength combined with a high noise threshold have given the desired results. The method we present is applied to 2D MRI slices of the brain. Since MR data is 3D, an appropriate extension of the algorithm to the third dimension is desirable, and will be tackled in future work. For the time being, we found that the current 2D method performs very well in the sense that it is consistent across slices, as shown in Figures 2 and 3 . 
Magnetic Field Inhomogeneity
The intensity-invariant nature of phase congruency is particularly relevant in the presence of intensity variations across the data set. This is the case in MRI when the magnetic field in the region of interest is not completely uniform. Several techniques have been proposed in order to correct for this position-dependent biases, but they mostly rely on obtaining good estimates of typical tissue intensities [5, 12] , or alternatively are simplistic models based on removing the lower frequency components of the Fourier decomposition of the image [6] . Our approach does not require the time consuming step of bias field correction due to the properties of phase congruency.
We prove the usefulness of phase congruency as an edge detector in the presence of bias fields by comparing its performance with classical approaches. For the sake of clarity in the comparison of results, the data set used for the results reported above (Figure 1) is reused, this time corrupted by a synthetically-generated bias field. This bias field is simply a linear function of the x and y location in the image (Figure 4.a) . The corrupted image is shown in Figure 4 .b.
Thresholding or intensity-based classification are highly affected by this bias (Figure 4 .c). Gradient-based edge detectors are affected in the sense that setting a global threshold on gradient strength becomes more difficult, as intensity differences also vary locally. On the contrary, phase congruency results seem very robust to the presence of contrast variations across the image, as shown in Figure 4 .e. Fig. 4 . Comparative results of feature detection after applying a bias field; (a) the syntheticallygenerated bias field that we used to corrupt the image data set; (b) the corrupted image; (c) results using thresholding; (d) results using gradient; (e) results using phase congruency. We presented a method for feature extraction for brain morphological studies. Using phase congruency, the detection results are not sensitive to image intensity and overcome common difficulties in brain imaging, such as the presence of a bias field. The method outperforms thresholding and gradient-based segmentation approaches and provides a good localisation of features.
In addition to feature localisation by local energy, phase can be used to classify features relative to their dominant orientation ( Figure 5 ). The orientation of the filter which gives the maximum response across all scales is kept. Empirically, we found good practical results by setting the number of orientations to six over four scales. At each pixel of a sulcus, the scale that has the largest magnitude coefficients is selected to approximate the structure. Efficiently, this results in a combination of the multiscale information. A noise estimation procedure is employed in order to filter out responses at high frequencies [3] . We have found that the performance of Kovesi's method depends on the settings of this noise estimation process. The range of scales to be considered and noise parameters were set empirically for a good sulci detection.
The implementation of phase congruency used for the results in this paper is 2D. An extension to 3D, based on the application of filters at orientations sampled from a unit sphere [8] will be used in the future. A pure 3D scheme will result in more information about dominant orientations of sulci crossing image slices, as well as a more robust noise estimation, performed over the whole volume. The computation time on a 256x256x64 MR image is of approximately six minutes on a Pentium III machine with 1 GB RAM and 1 GHz before the optimisation of the code.
Future applications of the method will focus on the detection of evolving tumours and multiple sclerosis lesions from temporal sequences of MR images. Sulci will be detected as structures with minimal temporal variations, in order to remove false positives.
